Single-cell level measurements are necessary to characterize the intrinsic biological variability in a population of cells. In this study, we demonstrate that, with the microarrays for mass spectrometry platform, we are able to observe this variability. We monitor environmentally (2-deoxy-D-glucose) and genetically (ΔPFK2) perturbed Saccharomyces cerevisiae cells at the single-cell, few-cell, and population levels. Correlation plots between metabolites from the glycolytic pathway, as well as with the observed ATP/ADP ratio as a measure of cellular energy charge, give biological insight that is not accessible from population-level metabolomic data.
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single-cell measurements | MALDI mass spectrometry | baker's yeast E ven genetically identical cells present in the same microenvironment can express different phenotypes, for a number of reasons: cell-to-cell heterogeneity can stem from differences in the cell age and differences in the cell cycle stage, and stochastic effects together with feedback mechanisms can lead to distinctively different phenotypes, too (1) (2) (3) (4) (5) (6) . As population-level measurement techniques inherently average out such cell-to-cell differences, biochemical mechanisms underlying a studied system cannot be deduced from such measurements. Thus, to detect and exploit this heterogeneity, new analytical platforms with a sensitivity at the single-cell level and the ability to perform quantitative analyses must be developed and validated.
Motivated by advances of mass spectrometry (MS) in metabolomics, the analytical chemistry community has stepped up its efforts toward realizing MS-based single-cell metabolomics (1, 2) . A number of analytical approaches were developed with detection limits low enough for single-cell metabolite analyses [e.g., nanostructured surfaces (7, 8) , postionization techniques (9, 10) , modified laser optics (11) , the use of microsampling tools (12, 13) , microarrays for MS measurements (14, 15) , etc.]. Until now, however, most MS studies targeting single-cell metabolite analysis have only shown the analytical capabilities, but have not demonstrated that true biological information can be retrieved from studying the metabolism of single cells.
Here, using the unicellular eukaryotic model organism Saccharomyces cerevisiae, we present an analytical validation of a single-cell metabolite analysis using the microarrays for mass spectrometry (MAMS) platform. This validation concerns both the analytical methodology and the biological information, by monitoring expected cellular responses upon an environmental and a genetic perturbation. Furthermore, we present examples of biological insight that are only accessible with a platform such as MAMS. Specifically, we unravel metabolite-metabolite correlations, and visualize coexisting subpopulations in an isogenic cell culture. This technology can now be used to reveal metabolic differences in cells of isogenic cell populations, such as differences caused by cell cycles stages, cell ages, or stochastically induced phenotypic differences.
Results and Discussion
MAMS represent a type of substrate for matrix-assisted laser desorption/ionization-mass spectrometry (MALDI-MS) recently introduced by our group (14, 15) . MAMS uses a combination of hydrophilic reservoirs surrounded by an omniphobic surface (SI Text) for massively parallel, automated sample spotting.
Briefly, cells are taken from a liquid culture, quenched using cold solvents (to stop any metabolic activity), after which the supernatant is removed and cells are washed to remove salts. The cell suspension is then spread onto the MAMS substrate ( Fig. 1 ). Applying the cell suspension onto the MAMS surface will result in an automated aliquoting of the cell suspension into the hydrophilic reservoirs, without the need for a microspotter. Dependent on the cell concentration used, the number of cells on each hydrophilic reservoir can be between zero and hundreds. The transparency of the MAMS substrate allows for microscopic analysis to determine the number of cells in each reservoir while the cellular metabolism remains quenched because the entire MAMS chip is kept cold in a cryochamber.
The MALDI matrix used (9-aminoacridine) and the possibility of cocrystallizing cells with the matrix within the defined reservoirs allow us to boost the sensitivity beyond that of traditional MALDI mass spectrometry (SI Text). Using the MAMS platform, we can reach the level of 100 amol to 10 fmol-a range on the order of the metabolite levels in a single yeast cell (14, 15) .
MAMS Is Capable to Detect Biological Information from Single/Few
Cells. In principle, the MAMS platform is ready to be used to resolve cell-to-cell metabolic heterogeneity. However, because MS-based methods are destructive, we cannot make multiple measurements of the same sample to assess the measurement uncertainty. However, our samples (i.e., the S. cerevisiae cells) have an intrinsic biological variability. Thus, replicate measurements on different cells will inherently result in variable metabolite levels, although it is expected that the overall metabolism would present certain similarities. Therefore, for validating our single-cell metabolomics platform, we need to show that the signals acquired represent the biological variability and not just measurement noise (i.e., instrumental variability).
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Database deposition: The MS data and metadata are available at MetaboLights, www. ebi.ac.uk/metabolights (study identifier: MTBLS29). To demonstrate that MAMS is indeed able to retrieve biological information from a single or a small ensemble of yeast cells positioned in the MAMS reservoirs, we perturbed them with 2-deoxy-D-glucose (2DG), a drug that blocks glycolysis (16, 17) . We dynamically monitored the response both with MAMS on the single-cell and near-single-cell level, and with traditional MALDI-MS on the population level, and compared the response of the two measurements. We indeed found that the addition of 2% (wt/vol) 2DG to the growth medium generates similar trends in both the population-level as well as in few-cell level analyses made using the MAMS platform (Fig. 2) . Specifically, the quantitative change in glycolytic metabolites and the drop in the energy charge (represented by the observed ATP/ADP ratio) 1 min after the addition of 2DG to the growth medium is consistent with earlier findings on the population level ( Fig. 2A) (18, 19) . Furthermore, we found that, in both 2DG-treated samples (i.e., MAMS and population-level samples), we can detect 2-deoxy-D-glucose-6-phosphate (2DG6P). 2DG6P, the product of the uptake and metabolism of 2DG, could not be detected in samples that were not drug treated (Fig. 2B) . Together, this is a first indication that MAMS is actually monitoring biological processes.
Focusing in on the metabolite signals that we retrieved from individual MAMS reservoirs (containing between 1 and 15 cells), we sought further evidence that the different signals reflect the biological variability rather than just the technical or analytical variability. Before drawing any correlation plots, the metabolite signals were normalized by a nonsaturated matrix signal and by the number of cells found in the respective reservoir (SI Text); then, we plotted the metabolite data retrieved from single reservoirs against each other. We observed a number of correlations between different metabolite signals ( Fig. 3) . Specifically, we found that fructose-1,6-bisphosphate (F16BP) and the observed ATP/ADP ratio are correlated for cells treated with water but not with 2DG ( Fig. 3 A and B) . This is expected, because 2DG6P inhibits the glycolysis pathway upstream of the phosphofructokinase (Pfk) enzyme, which generates F16BP (16, 17) , rendering the production of ATP (and thus the observed ATP/ADP ratio) independent of the amount of F16BP present in the cell.
To further validate that our observations are of biological origin, we generated a deletion mutant of the gene pfk2, which encodes an isoenzyme of Pfk. This mutant has reduced phosphofructokinase activity and is known to partially mimic the effect of 2DG (20) . We also found a correlation between the observed ATP/ADP ratio and F16BP (Fig. 3C ) that resembled the wild type treated with 2DG ( Fig. 3B ) rather than the wildtype control (Fig. 3A) . Together, these findings indicate that MAMS is indeed able to retrieve signals from individual and Here, we present the changes observed in time for selected metabolites of the glycolytic pathway. Some of the assayed glycolytic metabolites are isobaric (i.e., they have the same molecular weight); thus, they cannot be differentiated using mass spectrometry alone. For example, glucose-6-phosphate (G6P) and fructose-6-phosphate (F6P) are therefore summarized as hexose phosphate. *The relative ion signal intensity for each plot metabolite is additionally normalized, in the case of the single-cell level measurement small ensemble of cells, and that the data contain valid biological information, because averaged correlation plots made from random data would not show any significant biological trend. Thus, this is clearly not a measurement artifact.
MAMS Uncovers Metabolite-Metabolite Correlations. Next, equipped with this confidence, we used MAMS to gain insight into the yeast metabolism. Above, we have shown a metabolite-metabolite correlation between hexose bisphosphate (most probably F16BP) and the observed ATP/ADP ratio (Fig. 3) . Such a correlation is a consequence of the underlying metabolic and regulatory mechanisms, reflecting the system's properties (21) . Previously, metabolite-metabolite correlations have been reported with populationlevel measurements on samples that had quite different origin, i.e., different plant tissues (21) (22) (23) (24) . Unlike what was done with tissues, we exploit the intrinsic biological variability on the single-cell level to uncover such metabolite-metabolite correlations. Correlations (and in particular positive correlations), however, could simply also emerge from variability in cell size, with larger cells generating higher metabolite signals. If this would be the case, then all metabolite-metabolite correlations would show the same profile. That this is not the case becomes obvious when comparing metabolite-metabolite correlations obtained after different environmental perturbations: although control samples and 2DG-treated samples show differences in some correlations, others are identical (Fig. 4) , indicating that the correlations must report on metabolic system properties, because if it were a mere cell size effect, the effect of the perturbation would have been the same for all pairs.
One prominent correlation is the one between glyceraldehyde-3-phosphate and sedoheptulose-7-phosphate (Fig. 4A) . Glyceraldehyde-3-phosphate is produced via the glycolysis or via the pentose phosphate pathway (PPP), to which the metabolite sedoheptulose-7-phosphate belongs. After blocking the glycolysis-related synthesis of glyceraldehyde-3-phosphate with 2DG, the correlation between sedoheptulose-7-phosphate and glyceraldehyde-3-phosphate becomes more obvious (Fig. 4A) , indicating that the synthesis of glyceraldehyde-3-phosphate is dependent of sedoheptulose-7-phosphate and the PPP. Another correlation is found between phosphoenolpyruvate (PEP) and pyruvate (PYR) (Fig. 4B)-two ( Fig. 4B) . Finally, we found a strong correlation between glutamic acid and aspartic acid (Fig. 4C ). This correlation can be considered as an analytical/biological control for the previous presented correlations, because neither the addition of 2DG nor water affected the correlation between these metabolites during the time frame covered in our experiments (10 min), because these two metabolites are too far away from the entry point of the added 2DG.
MAMS Uncovers Different Phenotypes. Next, we focused on the glycolytic metabolite F16BP. The MAMS platform revealed evidence for the presence of two different phenotypes present in the cell population: one phenotype characterized by low levels of F16BP and one with high levels (Fig. 5) . Independent replicate experiments demonstrated that this bimodal distribution is not a measurement artifact (Fig. 5 , left panels), but rather a robust feature of heterogeneous single-cell behavior that is now uncovered with the MAMS platform.
Measurements on the population level revealed that F16BP levels correlate with the magnitude of glycolytic flux (25) . Using this information, we speculated that the two populations found here are characterized by glycolytic fluxes of two distinct magnitudes. Indeed, when we followed the F16BP levels upon the addition of 2DG-a treatment blocking glycolysis upstream of F16BP-the phenotype with the high F16BP levels (high flux, population B) disappears. Consistently, the phenotype at high F16BP levels is also not present in the ΔPFK2 deletion mutant (Fig. 5) , which is a mutation that only realizes a low glycolytic flux.
We do not know the cause for the presence of these two distinct phenotypes. Although it is tempting to speculate that it might be cell cycle related, with cells in the G 1 phase having high and cells in the S phase, low F16BP levels (26) , only future studies on the metabolism of single cells-now enabled by the MAMS platform-will reveal the true cause.
Conclusions
In this work, we addressed one of the most difficult challenges associated with single-cell level analysis of metabolites, validation. We reduced the technical (or analytical) variability to be able to observe the naturally occurring cell-to-cell heterogeneity. Furthermore, we presented a qualitative biological study based on a comprehensive dataset that shows the feasibility of monitoring Saccharomyces cerevisiae metabolism at the single-cell and few-cell level.
These advances were feasible thanks to the use of the MAMS platform. The possibility of carrying out a single-cell level metabolic analysis, which takes advantage of the naturally occurring cell-to-cell variability and exploits it to directly visualize two different phenotypes (both phenotypes characterized by different levels of F16BP), gives us insight into metabolic networks as well as regulation processes without the need of applying a nonnatural perturbation (e.g., genetic modification that favors one particular phenotype).
We believe that in the near future the use of the MAMS platform will allow us to isolate data from subgroups of cells to investigate, in more depth, either bistability or metabolite/pathway interactions. The analytical variability that is still present in our measurements should still be further decreased. An increase in the number of data points for more extensive statistical studies of one particular subpopulation (e.g., multivariate data processing of metabolic profiles) would also be highly desirable. The number of reservoirs on the MAMS chips used here was limited to 160 per time point. However, available microfabrication techniques allow us to increase the density of the array to 250,000 wells on a single glass slide. This will be relevant for visualizing system-level interactions of metabolic pathways by observing metabolites that show a bimodal or higher order distribution.
